In the present study, we address the relationship between the emotions perceived in pop and rock music (mainly in Euro-American styles with English lyrics) and the language spoken by the listener. Our goal is to understand the influence of lyrics comprehension on the perception of emotions and use this information to improve Music Emotion Recognition (MER) models. Two main research questions are addressed:
INTRODUCTION
Computational models able to predict emotions in audio signals are designed to evaluate emotionally-relevant acoustic features from a particular data set. These features are used to narrow down the so-called "semantic gap" from the physical properties of an audio signal (e.g., spectral flux, zero crossing rate) and the semantic concepts related to these properties (e.g., emotions, mood) [3, 7] . The field of MER has been evaluated consistently since 2007 in the Music Information Retrieval Evaluation eXchange (MIREX) Audio Mood Classification task. This task consists of the classification of audio into five mood categories or clusters, containing different emotional tags. However, a "glass ceiling" of performance of these algorithms has been reached given the nature of the data and the annotations [3] . This is due to the limited/low agreement in the annotations of the data sets and the generalized confusion between annotating the perceived/expressed emotion and the felt/induced emotion by music. The low agreement problem extends to other research problems in Music Information Research/Retrieval (MIR): music auto-tagging [2] , music genre recognition [19, 20] , and music similarity [5] .
Concretely, algorithms in MIR have natural upper bounds in performance due to the quality of human annotations, including the lack of an agreed methodology for gathering these annotations and the degree of subjectivity in the annotation process. Given this subjective nature of the perception of emotions, low agreement will lead to limited performance and poor generalization to new data.
RELATED WORK
In this study we focus on the perception of emotions in music, which requires a brief conceptualization of the logical progression in which a "musical communication" is achieved from the musician to the listener. This process begins with the expression of an emotion by the performer or composer, which can be perceived by a listener and perhaps arouse a particular emotion. The listener can then regard the music as aesthetically valuable and finally like it [11] . However, this single-channel perspective is debatable, since perception and induction of emotions can operate in parallel (i.e., happy music can induce melancholy or sad music can induce excitement). Perception refers to the emotion that a listener identifies when listening to music, which can be different to the emotion the musician intended to express/convey and the emotion aroused/induced. The reason to focus on the perception of emotions is mainly twofold: it is relatively less influenced by situational factors of listening (environment, mood, etc.) [22] , and listeners are generally consistent in their ratings of the emotional expression of music [9] [10] [11] . Additionally, certain musical features can be associated to particular emotions (e.g., happiness: fast mean tempo, small tempo variability, bright timbre, sharp duration contrasts, sadness: slow mean tempo, legato articulation, low sound level, dull timbre, slow vibrato, fear: staccato articulation, very low sound level, large sound level variability, large timing variations, etc.). The relation between features and the expression of emotion has been widely researched in the literature [10, 11] .
Certain attributes and characteristics of emotion are important to continue formalizing the definition of emotions: 1) emotions appear to vary their intensity (e.g., irritation -rage), 2) emotions appear to involve distinct qualitative feelings (e.g., feeling of being afraid -nostalgic), 3) some pairs of emotions appear more similar than others (e.g., joy and contentment versus joy and disgust, and 4) some emotions appear to have opposites (e.g., happiness -sadness, love -hate, calm -worry) [10] . These attributes have led to the definition of two different dominant views or approaches for emotion representation [23] :
• Categorical approach: emotions are represented as categories, distinct from each other -such as happiness, sadness, anger, surprise, and fear. Hevner wrote a seminal paper on finding and grouping 66 adjectives into 8 groups of emotions [8] . Ekman defined a set of basic emotions in terms of human goalrelevant events that occurred during evolution [4] . The discrete categories of emotions can also be regarded as colors: there are different shades of sadness, but there is an abrupt change from one category (sad -blue) to another (angry -red) [11] . In this case, major drawbacks are: 1) the number of primary emotion categories results too small compared to the richness of music emotion perceived by humans (i.e., poor resolution) and 2) the high ambiguity of using language to describe rich human emotions [22] .
• Dimensional approach: emotions are conceptualized based on their positions on a small number of dimensions; mainly valence and arousal. Russell popularized the two-dimensional circumplex model, where the valence dimension describes the pleasantness or positiveness of the emotion and arousal describes the activation or energy (i.e., happiness would have positive arousal and valence) [16] . However, the major drawback is that categories are not mutually exclusive and tend to overlap (i.e., rageanger), making the mapping of categories on the dimensional space vague and unreliable [22] .
In theory, certain categories of emotions could be directly mapped from a categorical to a dimensional approach [11] . However this mapping is not necessarily straightforward, when trying to map emotions such as nostalgia or transcendence. Although both approaches offer several variations and advantages over each other, some researchers in the field of psychology have chosen categorical models over dimensional models [11] . The main reasons for this are: 1) categories are needed to capture and do justice to complex human emotions experienced and perceived by listeners (i.e., complex emotions such as nostalgia, awe, and transcendence cannot be reduced to a deterministic value on VA dimensional space), and 2) emotions tend to show discreteness and boundaries between them (e.g., content -happy), rather than continuity when tested [13] .
In the particular case of instrumental classical music, researchers have attempted to find the relationship between listeners' characteristics and perceived emotions [17] . Web surveys were designed to collect information about personal characteristics and the perception of 15 segments of 3rd Symphony Eroica by L.V. Beethoven (classical instrumental music). They used a selection of the GEMS categorical model of emotions [23] , including the following emotions: transcendence, peacefulness, power, joyful activation, tension, sadness, anger, disgust, fear, surprise, and tenderness. With respect to personal characteristics, the results suggest that: 1) the perception of transcendence and power correlate significantly with basic user characteristics; 2) participants trained on classical music tend to disagree more on perceived emotions of peacefulness, tension, sadness, anger, disgust, and fear; 3) the agreement among perceived emotions decreases with increasing familiarity with the piece. With respect to the correlation of perceived music characteristics irrespective of listener characteristics, they have found that: 1) there are substantial correlations between pairs of anger, fear, and disgust; 2) peacefulness is negatively correlated with power and tension, but positively correlated with tenderness; 3) power is significantly correlated with tension and anger; 4) transcendence and surprise do not show significant correlation with other aspects.
The goal of this work is to study the relationship between listeners' demographics preference, familiarity, musical knowledge, and native language with agreement of perceived emotions in music. We aim to characterize perceived emotion with respect to these factors, and attempt to replicate previous studies that show lower agreement in perceived emotions among subjects with more musical experience and knowledge. In order to achieve this, we analyze agreement of emotion ratings of musical fragments from different styles that have been previously annotated. The rest of the paper is structured as follows: in Section 3 we detail the methodology of our study, including the selected measures, musical excerpts and annotation gathering scheme. Section 4 later provides partial results of our study which are later discussed in Section 5.
METHODOLOGY

Agreement metrics
Following [17] , we use inter-rater reliability statistics (i.e., Krippendorff's α) to assess the agreement of the annotated data with respect to different individual characteristics and the understanding of the semantic content of music [12] . Krippendorff's coefficient is defined as: "α is the extent to which the proportion of the differences (amongst all observations) that are in the error deviates from perfect agreement. [...] It is the proportion of the observed to expected above-chance agreement". In general, α is defined as:
where D o is the measure of observed disagreement:
and D e is a measure of the expected disagreement given chance:
The variables o ck , n c , n k are the frequencies of values of observed coincidences of c and k values or ranks and n is the total amount of paired c − k values or ranks. In this case if c = k, these are the observed coincidences for these values (i.e., all users have the same rating on a particular emotion). On the other hand, if c =k there are mismatched ratings. Advantages of using α are that it is suitable for any number of observers, any type of metric (nominal, interval, ordinal), it can handle incomplete or missing data, and does not require a minimum of sample size. When disagreement is absent (D o = 0), there is perfect reliability (α = 1). Conversely, when agreement and disagreement are a matter of chance (D e = D o ), there is absence of reliability (α = 0). Nevertheless, α could be smaller than zero due to sampling errors (too small sample sizes) and systematic disagreements (agreement below what would be expected by chance). Depending on the data, metric δ ck is the difference function, the squared difference between any two values or ranks c and k, function depending on the type of metric. In the case of ordinal metrics (i.e., using Likert response formats for emotional ratings) standardized as 0 ≤ ordinal δ 2 ck ≤ 1:
where c max is the largest and c min is the smallest rank among all ranks.
Music material
For our agreement study, we selected a set of 22 music fragments from the 4Q emotion data set [15] which has been previously annotated with categories in the four arousal-valence quadrants: Q1 (A+V+), Q2 (A+V-), Q3 (A-V-), Q4 (A-V+). We use fragments of pop and rock music since these musical styles can be considered as neutral and homogeneous even when sung in different languages. The music fragments (with 30 seconds duration) were collected from AllMusic API, and 289 emotion tags were selected from the original AllMusic Tags and intersected with the Warriner's list [21] . In this way, emotion tags were mapped to AV space. Finally, they conducted a manual blind validation to remove inadequate fragments (e.g., containing noise or speech). The data set is balanced with 225 fragments per quadrant and a total of 900 clips. We use the emotion tags of the Geneva Emotion Music Scale (GEMS) [18] and a subset from basic emotions [4] to rate the different fragments (see Table 3 .2). In comparison to [17] , we replaced Disgust by Bitterness attempting to improve the balance of the number of emotions per quadrant (see Table 3 .2). Nonetheless, Q3 only contains two emotions, whereas other quadrants contain three. To perform the selection of fragments for this experiment, we performed a query for the selected emotions. Since some emotions were not found in the metadata, synonyms were used to select the songs, as seen in Column 3. After the automatic selection of songs by the query, we manually selected two fragments with lyrics per emotion (only two songs are instrumental). Table 1 . Selected emotions and query synonyms for song selection.
In the case of music emotion studies, very few studies have explored different styles of music. Also several studies refer to the WEIRDness of music psychology studies [6] as the fact that the participants from experiments usually come from Western, Educated, Industrialized, Rich, and Democratic countries. Since we base our approach on re-annotating previously annotated data, it is difficult to find annotated emotion data sets that contain music with lyrics in other languages than English. Nonetheless, we managed to include 3 songs in Spanish. The summary of previously annotated emotions, quadrants, language of lyrics and song information can be seen in Table 2 . Matisyahu -On Nature Table 2 . Song selection with emotion and quadrant information.
Annotation Methodology
Our study is structured as follows: we first provide a brief explanation to show participants the difference between induced and perceived emotions. Additionally, we use synonyms for each emotion to clarify the annotations (see Figure 1) . To collect user ratings, we created online surveys in Table 3 . Krippendorff's α for each emotion for all participants filtered by preference, familiarity, and lyrics comprehension (positive and negative). We use a 5-point Likert response format, we consider positive ratings as higher than 3 (neither agree or disagree) and negative as less than 3 four languages (Spanish 1 , English 2 , German 3 and Mandarin 4 ) using two excerpts per emotion, for a total of 22 excerpts. Besides emotion ratings, we also collect personal information about musical knowledge, musical taste, listeners' familiarity with the stimuli, listeners' understanding of the lyrics, and demographics.
All audio excerpts were normalized from -1 to 1 and every participant must complete a previous step to set the volume of the survey with respect to a 1 KHz sinusoid. Figure 1 shows an example of one of the questions from the survey. In order to measure the musical knowledge from the participants, we use the Music Sophistication Index [14] and make the results available to the participants at the end of the survey as a small thank you.
RESULTS AND DISCUSSION
The participation to this moment has been unbalanced, as Tables 3 and 4 show. The color coding shows green when the agreement of the emotion is higher by 0.05 than the agreement measured across 126 participants from all languages, which are coded in yellow. Conversely, the cell is red when the difference is less than -0.05. Initially, it is possible to see that the agreement over complex emotions is very low (approximately 0.2), such as bitterness, fear, power, surprise, and transcendence. On the other hand, a higher agreement is reached for more basic emotions, such as anger, joy, peace, sadness, and tenderness.
We use the word filter, since we are removing the ratings of fragments that were or not preferred, familiar or understood by the listeners. Inter-rater agreement can also be evaluated across every song with positive and negative filters. Since we use a 5-point Likert response format, we consider positive ratings as higher than 3 (neither agree or disagree) and negative as less than 3 (see Figure 1) . From now on we refer to the filters and emotions as a combination pair, i.e. joy -preference means the positive and negative preference for the emotion joy. In the case of Q1 and Q3, agreement is higher with positive filter than negative filtering for all the filters (with the exception of power -familiarity. Quadrants Q1 (A+V+) and Q3 (A-V-) can be considered as very distinct and "universal". Conversely, quadrants Q2 and Q4 show the opposite behavior, agreement tends to be lower negative than positive filtering for all the filters (with the exceptions of fear -familiarity, fear -understanding, tenderness -preference, transcendencepreference, and tenderness -understanding). We refer to exceptions when the results do not adjust to the tendencies described above. Table 4 . Krippendorff's α for each emotion and four questionnaires.
Furthermore unbalanced participation in the surveys forces to evaluate all subjects simultaneously. It is important to note that Table 4 evaluates agreement over subjects, while Table 3 evaluates agreement over all subjects that selected a song with a particular filter. For this reason, Table  3 contains information about the number of ratings taken into account when using the filters.
It is important to acknowledge in the case of familiarity filter, only 16% of the ratings were evaluated as positive. This means that the selected music (and personal memories attached to them) should have a smaller influence on the experiment and that this filter is unbalanced while evaluating agreement. Since agreement is evaluated upon the number of subjects and number of ratings made, the comparison of the familiarity filter should be very noisy. The exceptions fear -familiarity and power -familiarity show a difference of 12% that could be explained by this. On the other hand, the remaining pairs of exceptions (fearunderstanding, tenderness -preference, transcendencepreference, and tenderness -understanding) show a variability of 1-3% when using the filters. The remaining 27 combinations of pairs show the overall behavior mentioned previously with a variation of 1-18% of the tendencies depending on the emotion and filter.
CONCLUSIONS
Our results have confirmed that basic emotions will have higher universal agreement, while complex ones will show the opposite (as seen in Table 4 ). However, agreement in our experiment appears to be lower than values reported in [1, 5] . Following [12] , data should only be considered reliable when obtaining α > 0.6.
Our initial results suggest that lyrics comprehension (LC) improves agreement for emotions in quadrants Q1-Q3, and decreases it for quadrants Q2-Q3. This relates to the type of emotions that we find related to each quadrant and the subjectivity that has been previously researched regarding valence. This has given us new understanding of the effect of LC and its impact on different emotions: 1) in the case of Q1-Q3, better understanding could lead to similar emotions being recognized and result in a higher agreement in the intra-linguistic setting, 2) in the case of Q2-Q4, better understanding could lead to a finer criteria when judging and result in a lower agreement in the intralinguistic setting.
This study is part of an ongoing research which is now focusing on improving the present study. We consider balancing the styles with respect to the different languages. This would mean to have music relating to each culture/language and all languages in the study should be considered. Additionally, it is highly debatable that pop and rock are in fact neutral and homogeneous since several variations across the world show different ways to convey emotions (e.g., Hindi pop). Lastly, the experiment could have biased the responses in the sense that asking for the understanding forces the subjects to pay attention to the lyrics, losing ecological validity. Future studies will consider other types of tests to prove if subjects effectively understood the lyrics (e.g., using a "fill in the lyrics" question after listening to each fragment).
